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Abstract: Indonesia has become the country with the largest palm oil production. However, the level of 
productivity of oil palm per land in Indonesia tends to remain stagnant. The main objective of this study is to 
evaluate oil palm lands of smallholders that experience land inefficiency. In analyzing land efficiency, this 
study used cross-section data obtained from Statistics Indonesia (BPS). This study uses an input distance 
function approach with stochastic frontier analysis tools. Our estimation results found that on average, 
smallholders oil palm plantations face land inefficiency. The land inefficiency of smallholder oil palm 
plantations is not proportional to the negative impacts it has caused. The intensification of oil palm 
plantation land is one of the ways to reduce the rate of deforestation and optimize available land. Land 
intensification can be done through the selection of potential lands, renewal programs for oil palm trees, 
supporting facilities and infrastructure, and plantation technology development.  
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1. Introduction 
Indonesia is the world's largest producer and exporter of palm oil. More than fifty percent of 
the world's palm oil needs are met by Indonesia (FAO, 2017). Throughout 2014 to 2018, the increase 
in Indonesian palm oil exports reached 2.07 percent to 19.45 percent per year or grew by 24.37 
million tons in 2014 and increased to 29.67 million tons in 2018. The increase in world palm oil 
demand was also supported by an increase in the amount of palm oil production. In 2014-2018, oil 
palm production has increased in the range of 1.35 percent to 10.96 percent. In 2014, palm oil 
production reached 29.28 million tons, increased to 34.94 million tons in 2017 or increased by 19.34 
percent and is estimated to have increased by 4.74 percent to 36.59 million tons in 2018 (BPS, 2018). 
The increase in demand for Indonesian palm oil was responded by the Government of Indonesia 
by granting permits to expand oil palm plantations through Regulation of the Minister of Agriculture 
of the Republic of Indonesia No. 21 of 2017. This regulation has implications in increasing the 
amount of land used. During the period 2014-2018, Indonesia's land expansion tended to increase, 
ranging from 2.77 percent to 10.55 percent per year. In 2014, oil palm plantation land was recorded 
at 10.75 million hectares and was estimated to have increased to 12.76 million hectares in 2018. 
Based on the status of concessions in 2017, the private sector amounted to 6.05 million hectares 
(48.83%), while 5.70 million hectares (46.01%) were cultivated by smallholder plantations and 0.64 
million hectares (5.15%) were cultivated by state oil palm plantations. In 2018, private oil palm land 
increased to 6.36 million hectares (49.81%), smallholder plantations increased to 5.81 million 
hectares (45.54%) and 0.59 million hectares (4.56%) were cultivated by state plantations (BPS, 
2018). 
However, expansion of oil palm land has had a negative impact on the environment. The issue 
of deforestation has become a longstanding issue in Indonesia. Forest change due to deforestation 
has an impact on the loss of biodiversity and climate change, which has become a political issue for 
increasing land expansion (Wicke, 2011). Wilcove and Koh (2010), in their study stated that the 
biggest threat of loss of biodiversity is in Southeast Asia. For example, in Malaysia, at least 1,040,000 
ha of forest have been converted from 1990 to 2005, whereby studies indicate that forest land 
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restoration caused by productive forests recovers faster over time within the scope of the region's 
native fauna (Fitzherbert et al. 2008; Koh and Wilcove, 2008; Brühl and Eltz, 2009; Wilcove and Koh 
2010). Rhis is different from oil palm which is almost non-recoverable and threatens the fauna of 
native species in the region. Meijaard and Sheild (2013) in their study in Indonesia also identified 
similar results, namely that oil palm has caused the loss of endemic fauna, including Sunbears, 
Orangutan, Sumatran tigers, and elephants. Therefore, in the conversion of just one hectare of 
forest can result in significant loss of fauna diversity. 
The reduction in native fauna, the clearing of oil palm plantations by burning forests has also 
increased greenhouse gas emissions in the form of carbon dioxide (Sheil et al., 2009; Carlson et al., 
2012). The increase in carbon dioxide as a result of burning forest land places Indonesia as the 
country with the third largest greenhouse gas contributor in the world (Sundaraja et al, 2020). The 
effects of burning forests such as peatlands have increased haze and have increased respiratory 
health risks in Southeast Asia (Islam et al, 2016). The world's oil palm producing countries are urged 
to reduce deforestation by reducing the footprint of oil palm lands. Consumers in European 
countries have intensified policies against deforestation caused by oil palm in the Asian region and 
have accelerated interventions since 1990 (Pye et al., 2012). The impact of this intervention was the 
issuance of a standard, namely the Roundtable on Sustainable Palm Oil (RSPO) in 2004, with the aim 
of supporting sustainable palm oil (RSPO, 2018).  
In 2013, ambitious declarations for eliminating deforestation had become the main goal. 
European countries, through the 2015 Amsterdam declaration agreement committed to ensure that 
all palm oil traded by 2020 must meet certification. Countries such as Belgium, Denmark, France, 
Germany, Italy, Norway, the Netherlands, Sweden, and the United Kingdom (UK) began 
implementing palm oil certification in 2020. The Dutch oil and grease industry (MVO) together with 
the Institute for Sustainable Trade (IDH) established the European Sustainable Palm Oil Project 
(ESPO) to support 100 percent of sustainable palm oil sources (European Sustainable Palm Oil (ESPO) 
2017). Norway became the first country to implement a zero-deforestation commitment for all 
forms of public procurement activities (Gaworecki, 2016). In 2017, the European Parliament 
conducted an experiment to impose stricter provisions on palm oil imported by the European 
market, which included eliminating palm oil as a component of biofuels (European Parliament, 2017; 
Pacheco et al. 2020). 
Despite the aggressiveness of environmentalists to call for environmental damage (FoE, 2005; 
Greenpeace, 2007; Koh et al., 2010), the development of oil palm continues to expand in tropical 
areas. Social, economic and ecological problems are the main factors shaping development of oil 
palm in the tropics. There are at least three motives in the development of oil palm in tropical areas 
(Wilcove and Koh, 2010); First, oil palm is one of the most profitable crops in the world. Countries 
with the largest oil palm plantations, such as Indonesia, increase the amount of cultivated land to 
increase income, which has become a motivation to get obtain higher state revenue. Second, the 
need for palm oil is used in a wide variety of products, making a boycott of palm oil products is 
unlikely to succeed. Third, the largest markets for palm oil, namely China and India, have not shown 
a decrease in consumption of palm oil, making it impossible to boycott palm oil products. This kind 
of situation is complex because, oil palm plantations has been attributed to increasing overall 
welfare (Rist et al., 2010). Nevertheless, the ongoing encroachment of land to expand oil palm 
cultivation has caused local communities to lose their use of forest resources. 
Considering these negative impacts and benefits, evaluating the efficiency of land use is a way 
to reduce the rate of deforestation. Evaluation of land use efficiency aims to measure land usage in 
an area. Traditionally, measuring the level of land use efficiency can be done by using an economic 
approach, one of which is the stochastic frontier analysis (SFA) approach. The stochastic frontier 
approach in analyzing land use efficiency has been widely used. Polasky et al., (2008) applied a 
frontier approach to identify land use policies that maximize production level to support biodiversity 
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and economic benefits. Ferreira and Feres, (2020) conducted a similar method in analyzing the 
efficiency of land use using the stochastic frontier in Brazilian Amazon forests in 2006. 
Overall, the purpose of this study is to measure the level of efficiency of land usage in oil palm 
plantations using the input distance function approach complemented by estimate of the stochastic 
frontier. Discussions of the social and economic characteristics of smallholders will provide a better 
explanation of how to increase land efficiency for Indonesian oil palm plantations. This study 
provides evidence to stakeholders to improve the efficiency of oil palm land use. The paper proceeds 
as follows; Section 2 covers key aspects of land use efficiency, section 3 present the theoretical 
models, section 4 presents data and estimation techniques, section 5 focuses on the findings and 
section 6 provides overarching conclusions. 
2. Literature Review 
Land usage efficiency is a dynamic and complex concept. The indicator for measuring land 
efficiency of an area is determined by the interaction of physical, socio-economic, and technological 
factors. The concept of efficiency of agricultural land use is just as complex as the concept of 
quantification. However, several attempts have been made to simplify measurements so that it is 
easy to understand, model, ensure precision, and meet the overall objectives (Reddy and 
Ramanaiah, 1985). 
Efficiency is generally defined as the relationship between input and output. However, the 
general definition of measuring the efficiency of land usage is not defined by a standard, nor are 
there standard measurement methods to assess land usage efficiency. Measuring land usage 
efficiency is an important indicator that reflects the rational conditions of various inputs in the land 
use process (Lie et al., 2018) and also reflects the conditions of land that are cultivated in the 
agricultural production process (Reddy and Ramanaiah, 1985). There have been many studies 
conducted on the evaluation of land use at different time scales and spatial scales. Some of these 
studies include: Zhou’s (2012) analysis of land usage efficiency and food security in Henan province 
using statistical data of Henan province from 1999-2008. The data variables used were the use of 
fertilizers per hectare, multiple crop indexes, the level of urbanization, per capita income, water 
resources, rainfall and machine use on the output produced. Analyzed using a multiple linear 
regression model approach, Lie et al. (2018) developed a theoretical framework for evaluating the 
efficiency of land use and adopted the entropy value method, and then analyzed the data using the 
analysis tools of the Stochastic Frontier Analysis (SFA) and Development Analysis (DEA) methods. 
Ferreira and Feres (2020) analyzed the efficiency of land usage in the Brazilian Amazon using 2006 
agricultural census data, applying a stochastic frontier approach to analyze excessive land usage. 
Wang and Li (2014) also conducted an analysis of the stochastic frontier production function to 
estimate land usage efficiency using panel data from 281 cities in China from 2001 to 2011. 
Literature studies reveal that efficiency analysis is considered important in determining the 
performance of land parcels. Overall, the literature study of stochastic frontier approaches requires 
new, more specific approaches to measure land use efficiency. Our study develops an input distance 
function approach to measure the level of land use efficiency more effectively. 
The input distance function approach to evaluate changes to agriculture is nothing new. An 
important tool for analyzing the efficiency of land usage for oil palm is the stochastic frontier 
proposed by Aigner et al. (1977) and the distance function approach was first introduced by 
Shephard (1970). Over the years, the input distance function approach and SFA have been widely 
used in various fields. In agriculture, Irz and Thirtle (2004) analyzed the productivity performance of 
vulnerable Botswana agriculture from 1979 to 1996, using two inputs and six outputs with the 
stochastic tranlog (TL) input distance functions. Rasmussen (2010) analyzed the efficiency scale of 
livestock in the Danish region by using the Input distance function approach with stochastic frontier 
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analysis. Nguyen (2017) analyzes the efficiency of rural rice farming in Vietnam using the input 
distance function approach. 
However, the measurement of land use efficiency using the input distance function approach is 
less of a concern. Overall, the objective of our study is to analyze the efficiency of land usage using 
the input distance function approach and to estimate it using the SFA analysis tool. The input 
distance function approach has the advantage of accommodating multiple outputs and this is 
different from the usual production function, which is constrained to limited output variables (Coelli 
et al. 2003). Furthermore, land use efficiency studies using the input distance approach and SFA 
have never been carried out. Thus, the aim of our study is to fill a gap in the literature and provide 
input to the government on the efficiency of land usage in smallholder oil palm plantations. 
3. Methodology 
To measure land usage efficiency from the point of view of the production function we use the 
input distance Shephard function of the land usage sub-vector. The input distance function was first 
introduced by Shephard (1970). In simple terms, the input distance function is a model that requires 
a specified input, L (y0) (Irz and Hadley, 2003). Following the Sub-distance function concept 
developed by Färe and Primont (1995) and Zhou (2012). Mathematically, the input distance function 
can be defined by: 
 
𝐷𝑖(𝑦, 𝑙𝑎) = 𝑠𝑢𝑝{𝜆 > 0 ∶ (𝑙𝑎/𝜆) ≦ 1}    (1) 
Equation (1) in the input distance function proportionally measures the level of use of the input 
vector la which can be reduced to produce an output of y with a technological factor at a certain 
time t. Each combination (la,y) has a technology set, assuming the value of the input distance 
function has a value of less than one, if it has a value of one then it is considered a technical 
efficiency. Farrell (1975) in the analysis of input distance functions has a well-known reciprocity of 
efficiency techniques. The return function from the input distance function can be defined as the 
land use efficiency index (LEU): 
𝐸𝑃𝐿 = 1/𝐷𝐿𝑎(𝑥; 𝑙𝑎, 𝑦)     (2) 
Equation (2) represents a land usage index level where 0 < 𝐿𝐸𝑈 < 1 means that if it is less than 
one then it is assumed to be the input distance function, if it is more than zero, the better. The curve 
of Figure 1 provides an isoquant illustration of the production function. In Figure 1, the production 
function illustrates the input La as land and Y as output, and it is assumed that other input factors 
are considered constant.  
 
Figure 1. Illustration chart of land efficiency 
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The starting point of the isoquant production function is rated A with value (La0). The Isoquant 
of the production function is necessary to reduce the level of land input used, namely point A (La0) 
to point B (La1/DLa (x;la,y). Figure 1 highlights the distance A to B and illustrates the value of the 
input distance function which is the same as the DA/DB ratio and the inverse value is the value of 
the resulting LUE (Zhou, 2012). 
The value of the input distance function cannot be used directly as an estimate. Following the 
model used by Irz and Hedley (2003) and Zhou et al (2012), implementing the logarithmic function 
in the input distance function, mathematically, can be notated by; 
𝑙𝑛𝐷𝑖(𝑥; 𝑙𝑎, 𝑦) =  𝜆 + 𝑙𝑛𝐷𝑖(𝑥; 𝑙𝑎, 𝑦)     (3) 
The input distance function has a homogeneous linear assumption (Lovell et al., 1994) which can 
be mathematically expressed by: 
𝑙𝑛𝐷𝑖(𝑥; 𝑙𝑎, 𝑦) = 𝜆 + 𝑙𝑛𝐷𝑖(𝑥; 𝑙𝑎/𝑙𝑎1, 𝑦)∀𝜆 > 0    (4) 
The implementation of the application of the input distance function in measuring land efficiency 
requires a more specific function. Deterministic model application is considered as the right choice 
in applying the input distance function by following the stochastic frontier analysis. The stochastic 
frontier analysis has two components, which are the vi variable and the ui variable. vi is a special 
component that captures errors or interruptions in measurement. ui is an inefficiency variable that 
has non-negative assumptions. Mathematically, it can be represented by; 
𝑙𝑛𝐷𝑖(𝑥; 𝑙𝑎, 𝑦) = −𝑣𝑖 + 𝑢𝑖       (5) 
The combination of equations (4) and (5) can be mathematically notated by; 
𝐷(1/𝑙𝑎) = 𝜆𝐷(𝑥; 𝑙𝑎𝑖 , 𝑦, 𝛽)exp (𝑣𝑖 − 𝑢𝑖) 𝑖 =  1, 2, … , 𝑁.    (6)  
Equation (6) has an input distance function parameter with random distribution assumptions, so 
it can be estimated using the maximum likelihood method that has been widely used in the 
stochastic frontier (Coelli, Rao and Battese, 1998). In equation (6) the notation vi is the random error 
term 𝑣𝑖 − 𝑖. 𝑖. 𝑑. 𝑁(0, 𝜎𝑣
2) and ui is the set of technical inefficiency terms 𝑢𝑖 − 𝑁(𝜇𝑖 , 𝜎𝑢
2)+, 𝑖 =
1,2, … , 𝑁. 
Equation (6) is theoretically based on the stochastic frontier proposed by Aigner et al. (1977), 
































𝑙𝑛𝑥𝑛𝑙𝑛𝑦𝑚 + 𝑣𝑖 − 𝑢𝑖              (7) 
Where y represents the output and x represents the input vector used. vi represents a random 
error and ui is a one-sided error which has been described in equation (6) which presents the 
characteristics of inefficiency variables on oil palm plantations.  
The coefficient in equation (7) will be estimated using the maximum-likelihood method that has 
been done previously by Battese and Coelli (1995). Maximum-likelihood can be written in terms of 
variant parameters: 𝜎𝑠
2 = 𝜎𝑣
2 + 𝜎2 and 𝛾 = 𝜎𝑢
2/𝜎2, 0 <γ<1. The production function model will be 
realized if the value γ = 0 and the variable z is entered directly into the production function. This 
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shows that the standard regression to estimate the production function is in accordance with the 
data. However, the application of the SFA model will be fulfilled if γ approaches one. 
4. Data 
The data in this study uses the 2013 agricultural census data (household survey (plantation 
business 2014) which is shown in Table 1. The data includes 7,139 observations and were obtained 
from the Central Statistics Agency (BPS). This study uses one output and multiple inputs consisting 
of Output (y). The output in this study is calculated based on the total number of self-harvested 
plants plus the by-product, cut cropping and bonded value which is calculated based on the value 
of thousands of rupiah. Labor (tk), is calculated based on the total number of men and women 
workers. Fertilizer (pu) is measured by adding up all types of fertilizers used, namely urea, TSP / 
SP36, ZA, KCL, NPK, organic fertilizers (manure / compost) and others, measured in kilograms. 
Pesticides (ps) is measured by adding up the total solid and liquid pesticides with a size value of 
thousands of rupiah. Trees (po) aer the total plants calculated based on plant conditions, namely 
immature plants (TBM), mature plants (TM) and the plants that do not produce (TTM), namely those 
that are old and damaged. Land area (la) is the area of land per hectare in oil palm plantations. 
  Table 1. A Statistical Summary of Variables 
Variable Parameter  Obs  Average DS Min  Max 
lny(Output) ln(Thousands of Rupiah) 7139 10.240 1.1421 3.4965 14.551 
lntr(Tree) ln(Tree trunk) 7139 5.3674 1.2640 0.6931 9.3101 
lnfr(Fertilizer) ln(Thousands of Rupiah) 7139 6.7915 1.2930 1.0986 11.581 
lnps(Pesticide) ln(Thousands of Rupiah) 7139 6.3350 1.0492 1.0986 11.587 
lnl(Workforce) ln(Amount of workforce) 7139 0.9631 0.6180 0 5.1239 
lnla(Land area) ln(hectare)  7139 0.7229 1.0909 0.0005 222.22 
Note: average: arithmetic mean; DS: Deviation standard; Min: minimum Max: maximum; the estimates of y, 
tr, fr, ps, l and la are natural logarithms. 
5. Results 
Estimation of equation (7) has two random variables, which are vi and ui. ui assumes half-
normal, truncated normal distribution, exponential distribution, and gamma distribution. In this 
study we use the half-normal assumption and the estimation of equation (7) uses the maximum 
likelihood method shown in Table 2. Table 2 are the results of the estimation of the translog model 
function in equation (7), which has no economic meaning. Therefore, in this study we reduce the 
elasticity of land to output and input (trees, fertilizers, pesticides, and labor). Land elasticity is 
obtained by taking the partial order derivative of the first derivative in the model. Each variable used 
was evaluated at a specific variable value by calculating at the full sample mean.  
Table 3 presents the estimated results of land elasticity respective to each input and output 
used. Elasticity serves to provide an idea of how much the change in the percentage of land increases 
when the percentage change in input and output increases. The average land elasticity to trees had 
the highest value, which is 0.8641, while the land elasticity to output is 0.0438. This indicates that 
the increase in land area is more because of the increase in the number of trees, while the resulting 
output is smaller. This is reasonable if we view the yield of smallholder oil palm productivity as lower 
than the productivity of the company and the government. Fertilizer input has an average value of 
0.0170, while pesticides are rated higher at 0.0675 and labor is at 0.0438. Smallholders do more to 
eradicate pests which is one of the problems in oil palm plants. This shows that the use of fertilizers 
is less than pesticides, smallholders face more crop pests which reduce the productivity of oil palm 
plantations. The use of labor in the oil palm management process by smallholders involves more 
family members or close relatives so that it does not require much labor.  
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Table 2 Estimation of Maximum-Likehood Stochastic Production Frontier   
Variable Coefficient Coefficient of 
Estimation 
Std-error t-statistic 
Constant 𝛽0  5.9362*** 0.3903  15.2102 
Tr 𝛽𝑡𝑟  -0.6977*** 0.1043 -6.6872 
Fr 𝛽𝑓𝑟  0.0665 0.0699  0.9518 











tr2   𝛽𝑡𝑟𝑡𝑟   0.1103*** 0.0249  4.4344 
fr2 𝛽𝑓𝑟𝑓𝑟  0.0108 0.0090  1.2050 
ps2 𝛽𝑝𝑠𝑝𝑠   0.0152* 0.0102  1.4805 
l2 𝛽𝑙𝑙  0.0726*** 0.0217  3.3514 
y2 𝛽𝑦𝑦  0.0795*** 0.0110  7.2061 
Trfr 𝛽𝑡𝑟𝑓𝑟   0.0038 0.0131  0.2901 
Trps 𝛽𝑡𝑟𝑝𝑠 -0.0454*** 0.0140 -3.2449 
Trl 𝛽𝑡𝑟𝑙  0.0109 0.0200  0.5479 
Try 𝛽𝑡𝑟𝑦 -0.0651*** 0.0151 -4.3266 
Frps 𝛽𝑓𝑟𝑝𝑠 -0.0056 0.0086 -0.6553 











Psy 𝛽𝑝𝑠𝑦  0.0208** 0.0103  2.0195 
Ly 𝛽𝑙𝑦 -0.1037*** 0.0148 -6.9874 
Sigma-squared 𝜎2  0.7881*** 0.0151  52.199 
Gamma 𝛾  0.8890*** 0.0035  253.71 
Likehood Log Function -6514 
One-side L.R Error Test 2435 
Note: the level of significance used is up to α = 10 percent. *** significant 1 percent ** Significant at 5 percent and * 
Significant at 10 percent. 
Table 3 Elasticity of Output with Respect to Each Input 
Variable Elasticity 
Tree Elasticity (ԑtr) 0.8641 
Fertilizer Elasticity (ԑfz) 0.0170 
Pesticide Elasticity (ԑps) 0.0675 
Labor Elasticity (ԑl) 0.0345 
Land Elasticity (ԑla) 0.0438 
Total (ε) 1.0269 
Note:total elasticity is ε =  ԑtr + ԑfz + ԑps + ԑl + ԑla 
The calculation of land use efficiency in each province is shown in Table 4. Furthermore, Table 
4 can be interpreted as follows; first, the overall average of smallholder oil palm plantations from 
the 17 provinces analyzed is below one, meaning that the overall average of the analyzed provinces 
experiences land inefficiency. The average land efficiency is in the value range 0.1 to 0.7 or is at a 
medium efficiency level. This finding is in line with studies conducted by Hoffmann et al., (2015) and 
Varkey et al., (2018) who found land use factors in Indonesian oil palm plantations experiencing 
inefficiency in land use due to concerns about excessive coconut land use. This situation is 
concerning because Indonesia's oil palm lands are located in primary forest and peat forest (Wicke 
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et al., 2011). Second, the provinces with the highest scores are South Sumatra (0.715), Central 
Kalimantan (0.702), West Sulawesi (0.701) and the lowest from the bottom are Lampung (0.620), 
Jambi (0.633), and Bengkulu (0.653). Third, Sumatra and Kalimantan are the largest centers for palm 
oil producers but have relatively low levels of land efficiency. The opportunities for achieving a 
higher level of efficiency can still be improved. Figure 2 shows the number of plants planted, young 
and already productive ones that have the potential to increase even higher, and have the potential 
to maximize the available land area.  








Level of land efficiency 
1 0.9-0.6 0.5-0.1 
South Sumatera 0.715 431 1575.5 14 372 45 
Central Kalimantan 0.702 511 3470 0 465 46 
West Sulawesi 0.701 455 1265.5 0 428 27 
Riau 0.698 1446 4601.5 0 1.357 89 
Aceh 0.693 525 1400.5 1 443 81 
Bangka Belitung 0.693 215 866.7 1 179 35 
North Sumatera 0.687 925 7538 1 822 102 
West Kalimantan 0.686 302 2939.4 2 255 45 
South Kalimantan 0.683 100 275.4 0 81 19 
West Sumatera 0.682 285 669 0 240 45 
Central Sulawesi 0.677 75 155.8 0 67 8 
East Kalimantan 0.677 453 2873.1 0 390 63 
South Sulawesi 0.669 76 1330.3 0 54 22 
Bengkulu 0.653 473 1739.3 3 318 152 
Jambi 0.633 649 21688 0 510 139 
Lampung  0.620 218 2861.1 0 165 53 
Note; average land efficiency: the average value of land efficiency in each region; number of plantations: number of 
plantations analyzed; total area: the total area in each area analyzed by hectare (ha); land efficiency level: the level of 
value scores obtained by each smallholders land are then classified based on the acquisition of a score score 
 
 
Figure 2. Number of trees in each province. Source: primary data analysis (2013) 
The land efficiency in each area is measured by value per hectare. The results of BPS data 
reported that per-plot productivity levels tended to remain in the range of 3 to 4 tons. In research 
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conducted by several studies, the comparison of smallholder oil palm productivity is below 
plantation standards (Corley and Tinker, 2003; Vermeulen and Goad, 2006; Euler et al., 2016). To 
meet the increasing demand for palm oil, the government has granted permits for oil palm 
plantations through the Minister of Agriculture Regulation number 98 of 2013, which was later 
changed to the Minister of Agriculture Regulation number 21 of 2017, causing widespread 
deforestation. Susanti and Maryudi (2016) divided 3 phases that encourage forest deforestation in 
their research: first, the expansion phase is driven by increasing global palm oil demand; second, 
the urgency of encouraging expansion to find alternative sources of income to replace income from 
forestry sources; and third, the expansion of oil palm land is accelerated by the implementation of 
government decentralization. 
With the high demand and support from the government to continue to increase its production, 
palm oil has become one of the largest contributors to deforestation. From 2009 to 2013, oil palm 
has played a role in forest deforestation reaching 515 thousand hectares, of which Kalimantan is the 
largest contributor to reach 327.5 thousand hectares in concession lands (FWI, 2014). In 2013-2017, 
oil palm played a role in deforestation reaching 586.3 thousand hectares, whereby Kalimantan was 
the largest contributor reaching 313.6 thousand hectares in concession areas1. One of the cheapest 
and most effective methods of deforestation in clearing oil palm plantations is by burning forests. 
This shows the direct role of oil palm in forest deforestation in Indonesia. Data on the distribution 
of hotspots for 2013-2017 shows that more than 656 thousand hotspots have been detected with a 
confidence level of above 70 percent throughout Indonesia with 44% (286,701 hotspots) of which 
are in concession forests. Out of the 286.70 thousand hotspots, nearly 80% are in concessions of 
Industrial Plantation Forest (IPF) with 121.1 thousand hotspots and oil palm with 109.2 thousand 
hotspots (FWI, 2018). 
Deforestation by burning forests has a negative impact on life aspects. Forest fire cases in 2015 
are predicted to have an impact on premature death rates in three countries, namely Indonesia with 
91,600 deaths, Malaysia with 6,500 deaths and Singapore with 2,200 deaths. In 2006, oil palm 
contributed 11% of hotspots in the Sumatra region and 32% in the Kalimantan region, and in 2015, 
it contributed 5% in the Sumatra region and 20% in the Kalimantan region (Koplitz et al., 2016). 
Research between 1990-2010, showed there had been deforestation for oil palm plantations with 
an emission contribution of 0.020-0.024 GtC-1. Saharjo et al., (2012) found in their research that 
within forest and land fires from 2000 to 2009, the change for oil palm by burning had caused 
emissions to reach 801,764 tons with the highest value in 2005 reaching 459,427 tons. Meanwhile, 
conversion of peat land from swamp forest in 2005 reached emissions of 80,851 tons and primary 
swamp forest in 2009 with emissions of 180,531 tons. Agarwal et al., (2020) found in their research 
that there has been an increase in the use of water and electricity due to an increase in pollution 
from Indonesia's forest fires. 
 
 
1 Concession is the act of granting permits or land by an illegal government, company, individual or entity. Concessions, 
among others, are applied to clearing mines, plantation land and forest clearing. 
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Figure 3. Distribution of hotspots2 in Indonesia 2013-2017 within the concession areas. 
Source: FWI, 2018 
 
The province of Riau is one example of an area where the growth of deforestation for oil palm 
is quite large. The estimation result of land efficiency in Riau province on average is 0.6978, which 
means that it has relatively low land efficiency. This is not comparable to the considerable 
deforestation in Riau province, whereby the economic shift took place from an area dominated by 
forest and turned into the largest oil palm producing area. For almost 25 years, the province of Riau 
has lost 4 million hectares or close to 65% of the total area of Riau province. Over the past 25 years 
from 1982 to 2008, 29% of deforestation was caused by oil palm, 24% by the timber industry, and 
17% by other factors. In a study conducted by Tesso Nilo-Bukit Tiga puluh-Kampar, the total of 
deforestation reached 55%, with 95% deforestation in areas with very good forest conditions. 
Natural forests that are still in very good condition have turned into oil palm plantations with a 
forest degradation rate of up to 85 percent. From 1970 to 2007, deforestation in Riau province had 
contributed 3.66 gigatons (Gt) of CO2. This has made Indonesia as the country with the largest 
carbon dioxide contributor. Oil palm plantations have also played a role in increasing deforestation 
by 0.24 Gt CO2. The process of deforestation, forest degradation, and forest fires in Riau is an 
average contributor of CO2 of 0.22 Gt. This is equivalent to 58% of Australia's CO2 emissions in 2005 
and 79% of total energy sector emissions in 2004 (WWF Indonesia, 2008). 
The findings of the analysis of land use efficiency and environmental impacts of deforestation 
need to be addressed by encouraging land intensification and promoting sustainable oil palm 
plantations. The intensification of land for oil palm plantations plays an important role in supporting 
efficient land use and reducing deforestation. The sustainable plantation aspect is a continuous 
intensification process, which increases yields without causing environmental impacts and without 
increasing the amount of land used for plantations (The Royal Society, 2009). Intensification has the 
aim of increasing productivity without increasing the amount of land area being used for plantation 
so that the demand for agricultural products such as oil palm can be met with a limited amount of 
land (Fairhurst and McLaughlin, 2009; Woittiez, 2019). However, intensification must also be done 
correctly and appropriately. Several influences such as technological factors and the socio-political 
role of the state play an important role in the land intensification process. Varkkey et al., (2018) 
found that the Indonesian government has no commitment to reduce the rate of deforestation due 
 
2 Note (Figure 3): hotspot is an indicator of a forest fire detected in a location that has a relatively high temperature if 
compared to the ambient temperature (Article 1 number 9 Minister of Forestry Regulation No.P 12/Pmenhut-2009); 
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to oil palm, and regional political influence plays a role in the increasingly widespread process of 
deforestation. The government's commitment to temporarily stop deforestation has not clearly 
committed to reducing land expansion. 
6. Conclusion 
This study aimed to evaluate the efficiency of land use for smallholder oil palm plantations in 
each province in Indonesia. This study uses an input distance function approach, and then it is 
estimated by using stochastic frontier analysis to determine the level of land efficiency in each area. 
The study results show that on average, smallholder oil palm plantations are at a value of 0.781. If 
we judge it based on the determined value, on average, smallholder oil palm plantations experience 
land inefficiency. The results of the mapping of the three regions with the highest efficiency are 
South Sumatra (0.715), Central Kalimantan (0.702), and West Sulawesi (0.701) and the three lowest 
from the bottom are Lampung (0.620), Jambi (0.633), and Bengkulu (0.653). Based on the elasticity 
level of the use of each input used, land expansion is more due to the number of trees planted, while 
the resulting output is smaller. 
Our findings do not match the environmental impact. Several records of deforestation continue 
to take place and expand from year to year. The narrative of oil palm in the context of large profits, 
the development of countries, regions, poverty alleviation and the high global demand for oil palm 
have driven a massive expansion into forests. The effect is that more than 12.3 million hectares of 
forest land have been lost, replaced by oil palm plantations. On average, deforestation of 
Indonesia's oil palm forests is in the areas of primary forest and peat forest. Some of the 
environmental impacts experienced as a result of land clearing, include the following. First, there 
has been a significant increase in carbon dioxide emitted, which occurs due to forest burning in 
dense forest areas, especially in peat forest areas that have a higher risk of producing carbon 
dioxide. Studies conducted by Germer and Saurban (2008) and Achten and Verchot (2011) found 
that an increase in carbon dioxide and the length of time it takes to replace carbon dioxide due to 
expansion of oil palm land. Second, the health impact which affects the risk of premature death to 
citizens and people in neighboring countries are affected by increased haze due to clearing land for 
oil palm by burning forests (Koplitz et al., 2016). 
Land intensification is one of the options to reduce the rate of deforestation while continuing 
to maximize production levels. There are several ways to increase land intensification. Byerlee et al. 
(2014) conducted several study combinations to encourage intensification. First, lowering market 
prices for technology-based intensification of production inputs can support the production 
function, which is defined by reducing production costs per unit of output. Second, spatial shifts in 
production will affect demand for land through more efficient innovations, which can increase 
exports. Third, through the labor market, intensification in lowlands will attract labor in the 
highlands, and through faster agricultural economic growth, the overall economy will grow as a 
result of agricultural wages and demand for oil palm (Indonesia's regional economy). Apart from the 
production mechanism, the intensification of land for oil palm plantations can be done by selecting 
areas that have the potential for good land conditions, replanting oil palm plants, providing facilities 
and infrastructure, developing priority plantation areas and cooperating with the private sector and 
developing technology. Land intensification can be successful if all stakeholders jointly commit to 
promoting sustainable palm oil to reduce excess deforestation. Our findings can become a reference 
for governments, companies, and smallholders to take certain steps in the process of better 
management of the palm oil sector.  
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